(UMTS) is a third generation mobile communication systems that supports wireless wideband multimedia applications. The objective of this paper is to present a new model for non-intrusive prediction of H.264 encoded video quality over UMTS networks and to illustrate their application to video quality monitoring and adaptation in mobile wireless streaming services. First, we present an efficient regression model for predicting video quality non-intrusively for all content types. The model is predicted from a combination of a set of objective parameters in the application and physical layer in terms of the Mean opinion Score (MOS). The application layer parameters considered are the content type, sender bitrate and frame rate and the physical layer parameters are the block error rate modeled with 2-state Markov model for a mean burst length of 1.75. The performance of the proposed metric is evaluated with unseen dataset with good prediction accuracy. Second, we illustrate the application of the model in mobile streaming services by presenting a new Sender Bitrate (SBR) adaptation scheme at pre-encoding stage that is Quality of Experience (QoE) driven. The scheme was tested and evaluated in the NS2 based UMTS simulation network. Extensive simulation results demonstrate the effectiveness of the proposed adaptation scheme in terms of the MOS and especially at the UMTS network bottleneck access where perceived video quality is most affected. The proposed scheme was responsive to available network bandwidth and congestion and adapted the SBR accordingly maintaining acceptable quality in terms of the MOS. The proposed scheme has applications in network planning and content provisioning for network/service providers.
I. INTRODUCTION
Transmission of multimedia streaming applications and services over UMTS networks is continuously growing and gaining popularity. UMTS is among the first 3G (Third Generation) mobile systems to offer wireless wideband multimedia communications at data rates between 384kbps and up to 2Mbps in a wide coverage area with high user mobility over the Internet Protocol [1] . With the increase of such multimedia applications, the issue of maximizing the resource utilization while satisfying user's QoE requirements has been gaining importance. QoE or the perceived Quality of Service (QoS) is likely to be the major determining factor in the success of the new multimedia applications over UMTS. It is therefore important to choose and adapt both the application layer i.e. compression parameters as well as network settings so that they maximize end-user quality. The prime criterion for the quality of multimedia applications is the user's perception of service quality [2] . The most widely used metric is the Mean Opinion Score (MOS).
Recently, there has been work on video quality prediction. Authors in [3] [4] [5] predicted video quality for mobile/wireless networks taking into account the application level parameters only, whereas authors in [6] used the network statistics to predict video quality. In [7] authors have proposed a model to measure temporal artifacts on perceived video quality in mobile video broadcasting services. We proposed in [8] video quality prediction models over wireless local area networks that combined both the application and network level parameters. Whereas, work in [9] [10] [11] [12] has focused on the impact of UMTS link layer errors on the quality of H.264/MPEG4 encoded videos. In [13] the impact of H.264 video slice size on end-to-end video quality is investigated. In [14] performance evaluation of video telephony over UMTS is presented. Most of the current work is either limited to improving the radio channel or evaluation of parameters that impact on QoS of video transmission over UMTS networks. However, very little work has been done on predicting end-toend video quality over UMTS networks considering all content types.
Hence, there is a need for an efficient, non-intrusive video quality prediction model for technical and commercial reasons for UMTS networks. The model should predict perceptual video quality to account for interactivity. Also, it is an open challenge to satisfy user's QoE requirements and adapt service performance to variable network conditions as the ones occurring in UMTS. In this paper the error rate simulated in the physical layer is employed to generate losses at the link layer modeled with a 2-state Markov model [15] • Development of a new and efficient model to predict video quality non-intrusively avoiding time consuming subjective tests.
• An illustration of the application of the model in mobile streaming services by presenting a QoEdriven video SBR adaptation scheme at the preencoding stage. The rest of the paper is organized as follows. In section II the method for predicting video quality along with its application in SBR adaptation is introduced. Section III outlines the OPNET® simulation environment. The model is presented and analyzed in section IV, whereas section V presents the application of the model in a QoE-driven SBR adaptation scheme. Conclusions and areas of future work are highlighted in section VI.
II. VIDEO QUALITY PREDICTION METHOD AND QOE-DRIVEN ADAPTATION SCHEME Fig. 1 illustrates how the video quality is predicted nonintrusively and shows the concept of QoE-driven adaptation. At the top of Fig. 1 , intrusive video quality measurement block is used to measure video quality at different network QoS conditions (e.g. different packet loss, jitter and delay) or different application QoS settings (e.g. different codec type, content type, sender bitrate, frame rate, resolution). The measurement is based on comparing the reference and the degraded video signals. Peak Signal to Noise Ratio (PSNR) is used for measuring video quality in the paper to prove the concept. MOS values are obtained from PSNR to MOS conversion [20] . The video quality measurements based on MOS values are used to derive non-intrusive QoE prediction model and sender bitrate adaptive control mechanism based on non-linear regression methods. The derived QoE prediction model can predict video quality (in terms of MOS) from the physical layer QoS parameters of block error rate with an MBL of 1.75 and the application layer QoS parameters of content type, SBR and frame rate.
The predicted QoE metrics along with network QoS parameters are used in QoE-driven adaptation scheme. Adaptation can be either at the sender side, such as adapting the sender bitrate or the receiver side e.g. from buffer, to achieve an optimized end-to-end QoE. Feedback information can be sent through extended RTCP report. In Fig. 1 the video content classification is carried out from raw video at the sender side by extracting their spatial and temporal features. The spatio-temporal metrics have quite low complexity and thus can be extracted from videos in real time. Video contents are classified as a continuous value from 0 to 1, with 0 as content with no movement e.g. still pictures and 1 being a very fast moving sports type of content [8] . The content features reflecting the spatio-temporal complexity of the video go through the statistical classification function (cluster analysis) and content type is decided based on the Euclid distance of the data. Therefore, video clips in one cluster have similar content complexity. Hence, our content classifier takes the content features as input observations, while content category as the output. For larger video clips or movies the input will be segment by segment analysis of the content features extracted. Therefore, within one movie clip there will be a combination of all content types.
III. SIMULATION SET-UP

A. Network topology
The UMTS network topology is modeled in OPNET Modeler® and is shown in Fig. 2 . It is made up of a Video Server, connected though an IP connection to the UMTS network, which serves to the mobile user. With regard to the UMTS configuration, the video transmission is supported over a Background Packet Data Protocol (PDP) Context with a typical mobile wide area configuration. The transmission channel supports maximum bitrates of 384 kbps Downlink / 64 kbps Uplink over a Dedicated Channel (DCH). The RLC layer is configured in Acknowledge Mode (AM) and without requesting in-order delivery of Service Data upper layers. The Radio Network Controller the concatenation of RLC SDUs, and the SD for the RLC AM recovery function is The implemented UMTS link layer mode results presented in [16] , which analyzes the currently deployed 3G UMTS connections. error model at RLC layer indicates that, for radio errors can be aggregated at Transmissi (TTI)-level. This error model leads to possib SDUs, which lead to losses at RTP layer, and losses at video layer.
B. H.264 encoded video transmission
The transmission of H.264 encoded vid network is illustrated in Fig. 3 . The original are encoded with the H.264/AVC JM Referen varying SBR and FR values. H.264 is cho recommended codec to achieve suitable quali bitrates. The resulting 264 video track beco the next step, which emulates the streaming over the network based on the RTP/UDP/IP The maximum packet size is set to 1024 bytes resulting trace file feeds the OPNET simulatio aims of this paper, the video application modified to support the incoming trace file the RTP packet traces in the sender module receiver module (rd). Finally, the last step analyzing the quality of the received video s the original quality and the resulting PS calculated with the ldecod tool included in the Reference Software. MOS scores are calcula PSNR to MOS conversion from Evalvid [20] . Fig. 2 is modified aracteristics. The arkov model [15] error burst length ements.
IV. EVALUATION OF THE REGR QUALITY PREDICTIO
The aim is to develop a regressio to predict video quality for all application and physical layer applications over UMTS networks. account six test sequences, divide foreman and stefan available from the model, while carphone, suzie a [21] are devoted to the validatio sequences represent content with low high ST features as classified in our transmission of video was for mob sequences were of QCIF resolution H.264 with Baseline Profile at 1.2 JM software [17] encoder/decode structure is IPP for all the sequence of I frames could saturate the av video sequences along with the c chosen are given in Table I . The functional block of the pro We selected three video sequence the user perception for training a sequences for validation as shown model is validated with unseen dat ranged from very little movement t of clips to reflect the different Hence, the proposed model is for al of the three content types used for v given in Fig. 5 . This full text paper was peer reviewed at the direction of IEEE Communications Society subject matter experts for publication in the IEEE ICC 2010 proceedings
We then found the relationship between MOS and BLER for three content types and observed that the quality is highly dependent on the type of the content i.e. for 'suzie', the quality is acceptable up to a BLER of 40%, whereas for 'football', a BLER of greater than 20% reduces quality drastically. Similarly for SBR we observed that at higher SBRs the video quality degrades rapidly due to the UMTS network congestion due to the downlink bandwidth restriction. Finally, we found that the overall impact of FR is less obvious compared to that of CT, SBR and BLER.
Once the relationship of the individual QoS parameters on MOS was established, we carried out nonlinear regression analysis in MATLAB®. We obtained the following nonlinear equation given in eq. (1) with a reasonable goodness of fit:
The coefficients along with the goodness of fit (R 2 ) and Root Mean Squared Error (RMSE) are given in Table II . Fig . 6 shows the MOS-measured vs MOS-predicted for the proposed model. We achieved a reasonable fitness for our prediction model. Compared to our previous model given in [8] , the model performance in terms of correlation coefficient is quite good and the model is for all content types. 
V. APPLICATION OF THE PROPOSED MODEL IN MOBILE STREAMING SERVICES
A. Introduction to the QoE-driven SBR adaptation scheme
The basic conceptual model of the proposed adaptation scheme is given in Fig. 1 . We use the model proposed in eq.
(1) for MOS prediction. The model is light weight and easy to implement. The predicted QoE metrics together with network QoS parameters is then used in the QoE-driven adaptation scheme to adapt the sender bitrate as shown in Fig. 1 . The feedback information is sent through extended RTCP report from the network and collects QoS information like loss rate, delay and jitter from the core network to give the network congestion level. The maximum achieve able MOS is given as MOS max and is computed when no block error loss occurs and is 4.2 [22] . Congestion is measured according to [23] , where special RTCP blocks are sent which carry the reception statistics. Among them is the block error loss statistics. Therefore, the congestion, C, is calculated as the fraction of the number of block errors lost (B l ) divided the total number of blocks sent (B s ) within an interval. The range of congestion level is from [0,1] with 0 being no congestion and 1 meaning fully congested network. The Congestion, C, was partitioned into two levels as (0<C<0.2), and (C≥0.2). C is an input to the decision algorithm for SBR adaptation.
The instant video quality (MOS t ) is computed from the video quality prediction model given in eq. (1). The FR is fixed at 10fps. The adaptation is shown for fast moving CT of 'football' (CT=1). Therefore the degradation (D) is calculated from MOS m (MOS obtained from eq. (1)) and MOS max as: (2) The Degradation (D) and the congestion level (C) indicator are sent as feedback information to the video sender bitrate adaptor in Fig. 1 which runs the QoE-driven (MOS) SBR adaptation algorithm shown in Table III.   TABLE III 
B. Results and analysis
We assessed the performance of our QoE-driven adaptation scheme over UMTS networks through NS2 due to its flexibility and based on the characteristics of the link bandwidth. OPNET was used to analyze the specific impact of the UMTS error conditions into the perceived video quality, due to its accuracy of the implementation for the RLC not-inorder delivery mechanism. Fig. 7 shows results for 'football' video sequence. We observe that around 0.5 seconds video quality drops to 3, the adaptation starts at 0.6 seconds improving the quality back to 4 and eventually to 3.6 compared to un-adapted quality of 1. Therefore, there is an overall gain in quality after adaptation. The bottleneck bandwidth was set to different capacities from 50kbps to 384kbps, and the performance of the adaptive scheme evaluated and compared to a non-adaptive video session. The result of the comparison is shown in Fig. 8 . Instead of suffering a sudden drop in quality as bandwidth is constricted (BLER=20%), as is the case with no-adaptation, adaptive video scheme gracefully adapted the delivered video quality to the available network downlink bandwidth. The adaptive scheme gives a MOS of 3 compared to 1.7 without adaptation. Figure. 8 Comparison of video quality results for different bottleneck bandwidth over UMTS network Fig. 9 illustrates the advantage of adaptation over UMTS for 'football' video for frame 6. An improvement in quality can be seen visually for the frame shown. The SBR is 130 Kbps after adaptation and 200 Kbps before. Visually the quality is improved after adaptation. However, due to the bandwidth restriction of UMTS network the quality after adaptation is slightly blurred. This can be further improved by introducing frame rate adaptation -an area of future work. 
VI. CONCLUSION
In this paper we have proposed a reference-free video quality prediction model for the most frequent content types for H.264 videos over UMTS networks and showed the application of the model in a QoE-driven adaptation scheme. The automatic content classification enabled video quality prediction for all content types. The proposed reference-free metric was validated with different video clips within the same content type with good prediction accuracy.
The application of the model in mobile streaming services was shown by proposing an adaptation scheme. The scheme was implemented in NS2 to allow extensive simulation. The results show a clear improvement in users QoE in terms of MOS. The proposed adaptive scheme is also responsive to available network bandwidth and congestion. Future work will concentrate on collecting extensive subjective testing to validate the proposed model. Also the investigation will be extended to include the application of the adaptive scheme in a TCP/UDP mixed environment.
